Abstract: Intrinsically disordered proteins are essential for biological processes such as cell signalling, but are also associated to devastating diseases including Alzheimer's disease, Parkinson's disease or type II diabetes. Because of their lack of a stable three-dimensional structure, molecular dynamics simulations are often used to obtain atomistic details that cannot be observed experimentally. The applicability of molecular dynamics simulations depends on the accuracy of the force field chosen to represent the underlying free energy surface of the system. Here, we use replica exchange molecular dynamics simulations to test five modern force fields, OPLS, AMBER99SB, AMBER99SB*ILDN, AMBER99SBILDN-NMR and CHARMM22*, in their ability to model Ab 42 , an intrinsically disordered peptide associated with Alzheimer's disease, and compare our results to nuclear magnetic resonance (NMR) experimental data. We observe that all force fields except AMBER99SBILDN-NMR successfully reproduce local NMR observables, with CHARMM22* being slightly better than the other force fields.
Introduction
Intrinsically disordered proteins (IDPs) are proteins that lack a stable three-dimensional structure and, instead, sample a heterogeneous ensemble of conformations. Around a third of eukaryotic proteins have been found to have intrinsically disordered regions of at least 30 residues. 1 IDPs have a larger interaction surface area and higher conformational flexibility than globular structured proteins and, as such, can play different biological roles than structured proteins, particularly in cell signaling. 2 IDPs have also been associated with a number of diseases, in particular neurodegenerative diseases such as Alzheimer's disease and Parkinson's disease.
Even though MD simulations are now commonly used to understand protein dynamics, they still suffer from two main limitations. The first limitation is the lack of sampling of the free energy surface to obtain fully converged simulations due to computational limitations. In the last years, this limitation is starting to be overcome with the emergence of special-purpose machines such as Anton 12 and the possibility of constructing Markov state models using large numbers of short simulations, 13, 14 which can be run on distributed computing resources. Longer MD simulations are also available to a wider community by means of highly efficient parallelized 15, 16 and GPU-accelerated MD codes. 17, 18 Moreover, enhanced sampling methods can be used to increase the convergence of MD simulations. 19 One of the most commonly used enhanced sampling methods is replica-exchange molecular dynamics (REMD), 20, 21 in which multiple replicas of the system are simulated simultaneously at different temperatures. Coordinates are switched between different replicas based on the Metropolis criterion. In such a way, lower temperature replicas ensure sampling of the system at the desired temperature, while higher temperature replicas are employed to enhance the sampling. The second main limitation of MD simulations is the accuracy of the force fields used to represent the system under study. 22 Force fields were originally developed based on fitting parameters to quantum mechanical calculations and experimental properties of small molecules, and are reasonably accurate at representing the folded states of proteins. 23, 24 However, they have limited accuracy in representing unfolded states 25 and IDPs. 7, 26 Recently, force fields have been updated to better balance helix/coil structures. For example, parameters for backbone and side-chain torsional angles were modified in AMBER99SB 27 to obtain AMBER99SB*-ILDN [28] [29] [30] and AMBER99SBILDN-NMR, 31 and backbone and some side-chain parameters were changed in CHARMM22 32 to produce CHARMM22*.
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AMBER99SB*-ILDN and CHARMM22* have been shown to correctly fold both a-helix and b-sheet peptides. 23 Because these updated force fields are better at balancing different secondary structures and can correctly fold peptides, we hypothesize that they should perform better than older force fields at modeling IDPs. One of the most studied IDPs in the molecular simulation field is amyloid-b (Ab) because of its involvement in Alzheimer's disease. 4, [33] [34] [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] [45] [46] A b is commonly 40 (Ab 40 ) or 42 (Ab 42 ) residues long, with Ab 42 being the more toxic species. 47 Garc ıa et al.
were the first to study full-length Ab using explicit solvent MD simulations. 4 They compared Ab structures obtained from REMD simulations with nuclear magnetic resonance (NMR) experimental data and found that the OPLS force field in combination with the TIP3P water model performed better than the AMBER94, AMBER96, and GROMOS force fields. In a following study, 33 34, 36, 37, 40 Here, we compare the ability of modern force fields to reproduce NMR experimental data for Ab 42 . We perform REMD simulation of Ab 42 using AMBER99SB*ILDN, AMBER99SBILDN-NMR and CHARMM22*. For comparison we also include OPLS and AMBER99SB in our study as they are currently considered as the best force fields to model Ab 42 .
4,33-35

Methodology
Simulations
To obtain a starting structure for our REMD simulations, we first performed a short simulation of Ab 42 starting from the NMR structure with PDB code 1IYT. 50 This structure was obtained in a solvent with a 80/20 ratio of hexafluoroisopropanol (HFIP) to water, and because of the solvent, Ab 42 is mostly a-helical. The secondary structure content of Ab 42 in water is expected to be different than in such solvent. Hence, we first performed a high-temperature vacuum simulation to obtain a disordered structure to initiate our REMD simulation. We performed a steepest-descent minimization followed by a 10 ns MD simulation at 500 K using the AMBER99SB force field. Ab 42 was simulated with standard protonation states corresponding to pH57, with neutral histidines, only protonated at the N ‹ , and uncapped and charged termini. The final structure of this simulation was used as a starting conformation for all REMD simulations. Five different combinations of force fields and water models were studied. Simulations with AMBER99SB* ILDN, [28] [29] [30] AMBER99SBILDN-NMR 31 and CHARMM22* 30 were performed with the TIP4P-Ew water model 51 because it has been shown to outperform 3-point water models. 52, 53 The OPLS force field was used Fig. S1 ), which has been shown to be a useful metric to probe sampling. [54] [55] [56] The peptide was introduced in a rhombic dodecahedron box with a length of 5.5 nm, which was solvated with between 3621 and 3636 water molecules. The system was then neutralized with 3 sodium ions.
Each system was first minimized with the steepest descent algorithm. Then, a 1-ns NVT simulation was performed to equilibrate the system at the desired temperature, followed by a 1-ns NPT simulation to equilibrate the system to a pressure of 1 bar. During the NVT phase of the equilibration, protein heavy atoms were constrained. Finally, a 200-ns per replica REMD production run was performed using the Nos e-Hoover thermostat 57,58 with a time constant of 0.5 ps and the isotropic Parrinello-Rahman barostat 59,60 with a time constant of 2 ps and a compressibility of 4:5310 25 bar
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. Exchanges between adjacent replicas were attempted every 250 time steps. Exchanges were also attempted between random replicas to accelerate the convergence of the system. 61 At every exchange interval, 32768 (
where N532 is the number of replicas) random exchanges were attempted as suggested by Chodera and Shirts. 61 Virtual sites were used for all protein hydrogens 62 which permitted a time step of 4 fs to be used, a strategy that has been successfully employed before. [63] [64] [65] [66] Protein bonds were constrained using the P-Lincs algorithm 67 with an expansion order of 6 and water molecules were constrained with the Settle algorithm. 68 Electrostatic interactions were calculated with the particle mesh Ewald method 69 with a Fourier spacing of 0.12 nm and a short-range cutoff of 1.2 nm. Van der Waals interactions were calculated with a cutoff of 1.2 nm. Because Ab 42 is an unstructured peptide and REMD can make the peptide become even more disordered, we measured if the peptide ever interacted with its image and excluded all snapshots where the image was closer than 1 nm from the peptide. All simulations were performed with Gromacs 4.6.4. 15 
Calculation of NMR observables
To establish how well the different force fields model the free energy surface of Ab 42 , we calculated a number of NMR observables from the REMD simulations and compared them with experimental values. In particular, we calculated chemical shifts, 3 J H N Ha couplings and residual dipolar couplings (RDCs). For calculating the NMR observables, snapshots sampled every 0.1 ns of the replicas between 290 and 310 K were used.
Chemical shifts for the C a , C b , H a , and H N were estimated using SPARTA1. RDCs were obtained with the PALES program. 75, 76 Because of the dependence of the alignment tensor magnitude with experimental conditions, the results were uniformly scaled for each force field to minimize the RMSD between the experimental and simulations results. The simulated RDCs were compared to the experimental values obtained by Yan et al.
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To estimate the errors of our predictions, block averages were calculated. 78 To estimate the size of the block, we used the C a chemical shifts. In particular, we used the last 100 ns of the simulation at 292.4 K. An example of the convergence of the estimate of the error as a function of the number of block transformations can be seen in Supporting Information Figure S2 . As the estimate of the error converges slowly, we decided to use a conservative 25-ns block. To calculate how well the different force fields reproduce the experimental observables, the root mean square deviation (RMSD) and the Pearson correlation coefficient (PCC) were calculated between simulated and experimental values. Finally, the error was also estimated using 79, 80 :
where hF i i sim is the average value for the simulated data point i, F i;exp is the experimental value for the data point i, N is the number of data points and r i is the error of data point i. r i should include the error associated with the experiment, with the simulation, and with the prediction of the NMR observables from the simulated data. In the case of chemical shifts, only the prediction error was considered as it is much larger than the first two terms. Hence, the r i are defined as the RMSDs reported in the original paper about SPARTA1 for a database of 580 proteins. 70 For the J-couplings and RDCs, all terms were included. The prediction error for the J-couplings is considered to be 0.73 Hz, which is the RMSD reported by Vuister and Bax 74 when using their parameters in the Karplus equation for 86 residues of the protein SNase. The prediction error for the RDCs is considered to be 0.9 Hz, which is the RMSD reported by Zweckstetter and Bax 75 when using PALES for the protein G domain.
Structural analysis
The structural analysis was done with the help of Gromacs analysis tools 15 and the MDAnalysis toolkit. 81 Secondary structure was estimated using the Define Secondary Structure of Proteins (DSSP) algorithm. 82 b-sheets and b-bridges as defined by DSSP are considered as extended structures and plotted together, while a-helices, 3 10 -helices and p-helices as defined by DSSP are considered as helices and plotted together. To construct contact maps, contacts between two residues were defined when the distance between any two atoms of those residues is under 0.5 nm. Protein structures were clustered using the algorithm of Daura et al. 83 with a cutoff of 0.8 nm.
Such a large cutoff is needed to find clusters which are representative of a large number of snapshots for a protein that samples such a large conformational space. Figures were generated using Python, with the help of Matplotlib. 84 Protein snapshots were generated using VMD. 85 
Results
Comparison to experiments
The main focus of this article is to study the accuracy of different force fields in representing the conformational ensemble of Ab 42 by comparison with NMR experimental data. First, to estimate the convergence of our simulations we calculated the RMSD between the simulated and experimental results for each NMR observable as a function of time. The results are plotted in Figure 1 . For all force fields except AMBER99SBILDN-NMR, the RMSD clearly decreases with time for the C a chemical shift for the first 100 ns. We also observe a clear decrease for all force fields during the first 100 ns for the C b and H N chemical shifts. In the case of J-couplings, a decreasing trend occurs during the first 50 ns. However, there is no clear trend for H a chemical shifts and RDCs. We have also calculated the PCC between experimental and simulated results for all NMR observables and, as expected, we observe that the PCC increases when the RMSD decreases (see Supporting Information Fig. S3 ). Considering that we observe a decrease of the RMSD during the first 100 ns, for the subsequent analysis only the last 100 ns of each simulation were considered. We now analyze and compare the simulated and experimental values for each NMR observable in more detail. In Figure 2 , we plot the C a and C b chemical shifts, J-couplings and RDCs for each residue and force field. The results for the H a and H N chemical shifts are plotted in Supporting Information Figure  S4 . In Table I should be equal to 1, which means that the average difference between experimental and simulated data is in the same order than the prediction error. However, we believe that the low v 2 values probably result from an overestimation of the prediction error, because it was determined for a data set including 580 proteins and not for Ab 42 only. Apart from that, v 2 for the chemical shifts still supports our conclusions drawn from the corresponding RMSD and PCC values as CHARMM22* has generally the lowest v 2 values. Regarding J-couplings, we observe similar results for all force fields. The PCC and RMSD that result from our OPLS simulation are equal to 0.48 In summary, we find that CHARMM22* is overall somewhat better than the other force fields in reproducing NMR experimental data for Ab 42 . However, accurate results are obtained with all other force fields apart from AMBER99SBILDN-NMR. We also calculated the radius of gyration of Ab 42 for each force field (see Table II ). The results are similar for all force fields. It should be mentioned again that we eliminated the snapshots where the peptide is less than 1 nm away from its image. In the case of CHARMM22*, we deleted 4.7% of the snapshots, while for the other force fields below 1.0% of the snapshots had to be removed. This means that Ab 42 when simulated with CHARMM22* is more extended than with other force fields, which is also evident from the radii listed in Table II . The calculated radii of gyration are between 1.01 and 1.11 nm, which compare favorably with the experimental hydrodynamic radius of 0.9 nm determined by single-molecule fluorescence spectroscopy. 86 This comparison further supports that our simulations represent Ab 42 accurately.
Comparison between conformational ensembles
We now study the conformational ensemble sampled by each force field during the last 100 ns of the REMD simulations. We calculated the secondary structure for each force field, which is plotted in Figure 3 . We also plotted the change in secondary structure as a function of time and the distribution of the total secondary structure (Supporting Information Figs. S5 and S6). The force field for which the results are the most dissimilar to the others is AMBER99SBILDN-NMR, where there is a high probability of a helix structure between residues 10 and 35, with probabilities of up to 60% for certain residues. This high propensity of helical structures is correlated to an overestimation of the C a chemical shifts. Moreover, we observe a negligible amount of b-sheet in the simulation of AMBER99SBILDN-NMR. All other force fields produce a much lower helical propensity. AMBER99SB, AMBER99SB*ILDN and OPLS predict the highest probability of helices between residues 10 and 20 with probabilities slightly over 20%, similar to what was obtained by Lin et al. 39, 40 and Ball et al., 35 while CHARMM22* has an even lower helical propensity, with the highest propensity between residues 33 and 36 with probabilities under 20%. In general, there is a high propensity of b-sheet in the C-terminal region, which is similar to what was obtained by Rosenman et al.
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using AMBER99SB. The highest probability of b-sheet for the C-terminal region is observed using CHARMM22* which reaches up to 60%, while other force fields predict around 30% b-sheet propensity for that region. We also observe peaks of b-sheet propensity around residues Phe 4 35 observe mostly disordered structures with high helicity and little b-sheet content. On the contrary, Rosenman et al. 34 observe little helicity and high b-sheet content. In our case, we observe both a-helices and b-strands for the force fields that accurately reproduce the NMR experimental observables.
To understand in greater detail the conformational ensembles sampled by each force field we calculated contact maps (see Fig. 4 ) and clustered the snapshots for each REMD simulation (see Fig. 5 ). Again, the force field that is the most dissimilar from all others is AMBER99SBILDN-NMR, for which the first cluster is almost entirely helical and represents 50.4% of the snapshots. This structure correlates with a large probability of contacts between close residues, which is typical of helical structures. Other force fields sample mostly disordered structures as can be seen in the cluster analysis. However, some of force fields predict hairpin-like structures in the C-terminus and around Glu 22 . A prominent example for this is the first cluster obtained with CHARMM22*, and the preference for these hairpin structures is also visible in the interresidue contact map. Similar contacts are also observed in the second cluster of the simulations with OPLS and AMBER99SB. We do not observe the C-terminal b-hairpin in the simulation using AMBER99SB*ILDN. It is interesting that some force fields such as AMBER99SBILDN-NMR or OPLS have clusters that represent a large amount of conformations, while others, such as AMBER99SB or AMBER99SB*ILDN have clusters that represent a smaller amount of conformations, which shows that they sample a more heterogeneous free energy space. In general, for all force fields we observe short b-hairpin and b-sheet structures in mostly unstructured conformational ensembles. This even applies to AMBER99SBILDN-NMR, where in the second and third cluster short b-sheets are present. Our results are somewhat different to those by Rosenman et al. 46 for Ab 40 , who concluded that different force fields produce different secondary structures but very similar contact maps. In our case, we observe some differences in both contact maps and secondary structure between different force fields.
Discussion
Molecular dynamics simulations are now an integral part of understanding protein dynamics. These simulations are based on the accuracy of the force field used to model proteins and the surrounding solvent.
A number of studies have been performed to compare force fields 25, 87, 88 and it is now clear that force fields have become better in the last years in modeling folded proteins 24 and even to study the folding of proteins. 23 However, it is still under debate if force fields are accurate enough to represent IDPs. 6, 9, 10, 26, 38 In this study, we test by means of REMD simulations Carballo-Pacheco and Strodel whether modern force fields are able to capture the conformational ensemble of Ab 42 , an IDP associated with Alzheimer's disease. We observe that the results obtained using most force fields, excluding AMBER99SBILDN-NMR, produce similar results when compared to local NMR experimental observables. When using AMBER99SBILDN-NMR, C a chemical shifts are overestimated compared to experiments, which correlates with a high propensity for a-helices. All other force fields show a much lower propensity for helices. In general, we observe that CHARMM22* is slightly better than other force fields, particularly when considering C a and H N chemical shifts. CHARMM22* and OPLS show a high propensity of a b-hairpin structure in the C-terminus. It has been suggested that a b-hairpin in the C-terminus of Ab 42 could be the initial seed to start the aggregation process towards the b-sheet rich amyloids. [89] [90] [91] Recently, Roche et al. 92 showed that Ab 42 monomers 40 and found that CHARMM22* and AMBER99SB-ILDN are the best at reproducing experimental chemical shifts and Jcouplings. They also studied a number of water models and found that the TIP3P water model favored more compact, helical and structured protein structures compared to other water models. Rauscher et al. 10 studied the disordered arginine/serine (RS)
peptide and compared their results to small X-ray scattering and NMR data. They also observed that the best results were obtained with CHARMM22*. Finally, Hoffman et al. 11 compared a number of force fields and water models for simulating amylin, an IDP associated with type II diabetes. They concluded that AMBER99SB*ILDN, AMBER03W and CHARMM22* provided better results than OPLS, GROMOS, and CHARMM22. Our study and these three other studies show that CHARMM22* is an improvement over older force fields to model IDPs. However, several studies 6, 7, 9, 26 have shown that modern force fields, including CHARMM22* 6,9 result in protein conformations that are too compact when compared to experimental data and have suggested that protein-water interactions should be rescaled to accurately represent IDPs. 6, 26 In general, CHARMM22* is the force field which generates less compact conformations without recalibration of protein-water interactions, 46 which is also what we observe here. However, in our study none of the force fields predicts Ab 42 structures that are too compact when compared to experimental data.
Conclusions
Intrinsically disordered proteins account for around 30% of eukaryotic proteins and are important in biological processes such as signaling but are also involved in diseases such as Alzheimer's disease, Parkinson's disease and type II diabetes. Because of their lack of a defined three-dimensional structure, it is often hard to study them experimentally. Hence, computational studies, and in particular, molecular dynamics simulations are important in studying IDPs dynamics. To be able to use MD simulations reliable, force fields must accurately represent the free energy surface of the systems under study. Here, we studied how five different force fields (OPLS, AMBER99SB, AMBER99SB*ILDN, AMBER99SBILDN-NMR, and CHARMM22*) represent the conformational ensemble of Ab 42 , the peptide which is associated with Alzheimer's disease and an example of an intrinsically disordered protein, and compare the results to NMR experimental observables. We observe that CHARMM22*, a force field that has been recently developed to balance secondary structures and can be used in modeling protein folding, 23 is the best at reproducing NMR observables, particularly C a and H N chemical shifts. However, OPLS, AMBER99SB, and AMBER99SB*ILDN are also accurate in this respect. This and other 6, [9] [10] [11] 26 studies show that force fields are becoming better at accurately representing the conformational ensemble of IDPs.
